Abstract

23
Rana temporaria occur across a large geographic and environmental gradient in 24
Scandinavia. Several studies involving common garden experiments have 25 established adaptive divergence across the gradient. The main objective of this study 26 was to determine the extent of neutral and adaptive genetic divergence across the 27 latitudinal gradient. Here we sequence genome-wide markers for 15 populations from 28 six regions sampled from southern Sweden to Finland. Using a multivariate approach 29 we find that 68% of the genomic variation is associated with climate or geographically 30 structured climate. Using outlier scans and environmental association analyses we 31 identify a set of potentially adaptive loci and examine their change in allele frequency 32 associated with different climatic variables. Using a gradient forest analysis we 33 identify points along three of the climate variables where allele frequencies change 34 more rapidly than expected if it were a linear association. We identify a large 35 threshold effect associated with BIO5 (mean temperature during the warmest month) 36 which is seen as a rapid change in southern Sweden. By comparing the change in 37 neutral and adaptive allele frequencies across the whole gradient, we identify 38 southern Sweden as a region with the largest divergence between the datasets. This 39 suggests small changes in the climate may result in a mismatch between the 40 adaptive genotypes and the environment in these populations. Overall this study 41
shows that genomic analyses can provide a powerful complement to common garden 42
Introduction
49
The geographic distribution of genetic variation across a species range is an 50 important determinant of population persistence under changing environmental 51 conditions (Hoffmann & Sgrò 2011). To mitigate future biodiversity loss due to 52 climate change it is important that we identify the most important environmental 53 drivers of adaptive divergence and determine how genetic variation contributes to 54 adaptation. Landscape genomics methods have been employed to identify potentially 55 adaptive loci across many study systems (reviewed in Rellstab et al. 2015) . However, 56 adaptation across environmental gradients are often characterised by divergence in 57 Outlier dataset comprised loci identified with PCAdapt (Luu et al. 2016) , and from the 276 XTX statistic calculated in bayenv2 (Günther & Coop 2013) . The EAA dataset 277 comprised loci identified using bayenv2 and LFMM (Frichot et al. 2013) . 278
PCAdapt identifies outlier loci as those that are more associated with 279 population structure than expected. We used the R package pcadapt 3.0.4 (Luu et al. 280 2016), which calculates a vector of z-scores of the how related each SNP is to the 281 first K principal components, where K is the user-specified number of population 282 clusters. A Mahalanobis distance is then calculated for each SNP to determine 283 whether it deviates from the main distribution of z-scores. These scores are scaled 284 by a constant, the genomic inflation factor, which produces a chi-squared distribution 285 of values with K degrees of freedom. K was calculated as the most likely number of 286 genetic clusters after testing K 1-20 and inspecting the scree plot of the proportion of 287 explained variance for each K (Fig. S1 ). Based on these results, we chose K=5 for 288 further analyses. We used a false discovery rate of 10% to identify outlier loci. 289
Bayenv2 estimates genotype-environment associations and an FST-like 290 statistic (XTX) while correcting for covariance of allele frequency between populations 291 due to neutral processes. We used bayenv2 to identify loci for both datasets. First we 292 estimated the neutral covariance matrix based on 500 randomly selected loci. Two 293 independent runs with 100000 MCMC iterations were run. We tested for 294 convergence within each run by calculating Pearson's product-moment correlation 295 (cor.test in R) between the final matrix and nine matrices printed out at 10000 step 296 intervals (9 correlations). We constructed distance-based trees to determine whether 297 relationships among populations remained constant within and between runs. 298
Convergence between runs was calculated as the correlation between the final 299 matrix in each run. Since these were highly correlated, we arbitrarily chose the final 300 matrix from the first run as our final covariance matrix. We conducted three independent runs with bayenv2 of 100,000 MCMC 309 iterations each for each of the five genotype-environment associations, and tested 310 convergence by calculating the correlation between runs for each statistic (BF, p, 311 XTX). We also compared the overlap in loci identified in the top 5%, 6-10%, and 11-312 15% ranked loci based on the XTX statistic for each environmental variable to ensure 313 the repeatability of the results. We then ran an additional 7 independent bayenv2 314 runs, and calculated the median result across all 10 runs as our final output. We 315 selected the top 100 ranked loci based on the XTX statistic for the outlier dataset. by evaluating the cross-entropy criterion for K1-10 using the function snmf in the R 326 package LEA. The most likely K was 5, which is consistent with the population 327 structure analyses described above, and therefore LFMM was run with K=5 for each 328 of the five environmental variables. The Gibbs sampler algorithm was run five times 329 for each environmental variable, with 10000 cycles and a burn-in of 5000 cycles. The 330 median of the resulting correlation scores (z-scores) was calculated across all five 331 runs. The authors suggest a recalibration of the mean z-scores by lambda; that is the 332 square of the mean z-scores divided by the median of a chi-squared distribution with 333 one degree of freedom (; ~0.455). Lambda should be close to one − but more 334 importantly, this should produce the correct adjusted p-value frequency distribution. 335
Adjustment of  can correct for liberal or conservative p-value distributions. We 336 evaluated the effect of  = 0.45-1.00 on the p-value distribution for each of the 5 337 environment-genotype associations. The shape of the distribution did not change 338 much, but the frequency of p-values >0.1 increased as  increased (i.e. the 339 correction was more conservative). Thus, for a lambda close to one and the correct 340 adjusted p-value distribution, we chose  = 0.85 for BIO2, BIO5, BIO15, and BIO18, 341
and  = 0.45 for BIO13. To control for false discoveries, we applied a Benjamin-342
Hochberg adjustment with a false discovery rate of 5%. and thus maximising the tree fit. This means the split will always describe the biggest 358 change in allele frequency at the current point in the tree, and a relative split 359 importance can be calculated. 360
The response variable was the minor allele frequencies (MAF) for each SNP 361 dataset. We included only loci variable in more than 4 populations to ensure robust 362 regressions. The predictor variables were the 5 BioClim variables described above. 363
To account for unsampled geographic structure in the dataset, we also included with default values for the variable correlation threshold (0.5), the number of 372 candidate predictor variables sampled at each split (2), and the proportion of samples 373 used for training (~66%) and testing (~33%) each tree. The relative importance (R 2 ) 374 of each predictor variable was calculated as the weighted mean of the proportion of 375 variance explained by the validation data. The cumulative importance for the change 376 in allele frequency for each locus was calculated as the sum of the split importance 377 across climatic variables, and the mean allelic turnover per climatic variable was 378 calculated for each of the three SNP datasets. 379
Changes in allele frequency across the landscape were visualised by 380 transforming each climatic variable by the genomic importance calculated for each 381 SNP dataset; i.e. we produced a transformed dataset for the Reference, EAA, and 382
Outlier datasets. The three transformed datasets were produced for climate data 383 extracted from a raster stack covering eastern Sweden and northernmost Finland. 384
For each dataset, the transformed variables were reduced by PCA, and a colour from 385 the RGB colour palette in R was assigned to each of the first three principal 386 components. Thus, for each geographic point along the latitudinal gradient, a single 387 colour was used to represent the genomic composition in three-dimensional principal 388 component space. To compare the genomic turnover between the neutral and two 389 candidate SNP datasets, we calculated the distance in genomic space at each 390 geographic point as the Procrustes residuals between the pairs of transformed 391 matrices calculated above. The genomic difference between datasets was 392 normalised and mapped in geographic space as before. Table 1 ). There were 399 2081 SNP loci, with a mean depth of 17.9 -25.5x and genotyping rate of 72-97% per 400 population. A summary of the number of raw reads, the output from pyRAD, and the 401 final dataset can be found in Table S1 . 402
403
Genetic variation and Population structure -The highest genetic diversity was 404 found in the southernmost region, R1, while the rest of the gradient was 405 characterised by lower genetic diversity that was similar across all regions (Table 1) . and between regions. AMOVA indicated that most genetic variation (68.72%) was 413 found within populations, while significant variation was found among populations 414 within regions (6.05%) and among (25.23%) regions (Table S2 ). The mean global FST 415 was 0.21 (Fig. 3, Table S3 ), suggesting strong population structure on average 416 between populations. However, pairwise genetic distance was much lower within (FST 417 = 0.06) than between (FST = 0.16) regions, and there was significant isolation by 418 distance (R=0.434, p=0.001) across the sampled area. 419
To determine the broad-scale population structure, we first visualised the 420 genetic distance between populations using PCA, and then estimated the most likely 421 number of genetic clusters using DAPC. The first two axes of the PCA explained 422 approximately 24% of the variance. PC1 (~15%) partitioned the two southern regions 423 (R1 and R2) from the rest, and PC2 (~9%) partitioned populations latitudinally, with a 424 graded differentiation from R2 to R6 (Fig. 4) . 425
Discriminant analysis of principal components (DAPC) predicted five genetic 426 clusters, corresponding to R1, R2, R3, R4, and the three northern populations (Fig.  427   1) . When separating the dataset into increasing numbers of clusters, populations methods, so that the Outlier dataset comprised 122 unique loci (Fig. S2) . 443
The EAA dataset comprised loci identified using Bayenv2 and LFMM as 444 associated with the five chosen BioClim variables. Bayenv2 identified 123 unique loci 445 (6% of the total loci tested), with 13% of these loci associated with multiple 446 environmental variables (Fig. S3) . LFMM identified 398 unique loci (~19% of the total 447 loci), with ~30% associated with multiple environmental variables (Fig. S4) . Only 22 448 loci were identified by both LFMM and Bayenv2; thus, the final EAA dataset 449 comprised 499 unique loci (Fig. S5) . 450
There were 56 loci present in both the Outlier and EAA datasets (Fig. S6) . 451
This represents 45.9% of the Outlier dataset, and 11.2% of the EAA dataset. Genomic Turnover -We used the mean R 2 averaged over loci in each dataset as a 469 measure of the fit importance and thus how informative each dataset was (Table 2) . 470
The Reference and EAA datasets performed similarly, with mean R 2 values of 37.6% 471 and 38.9%, respectively. The Outlier dataset showed a better fit on average, with a 472 mean R 2 of 56.5%. The frequency distributions of R 2 values differed among datasets. 473
The Reference and EAA datasets both had fairly flat distributions, with 30.5% and 474 34% of loci with R 2 >0.5. The R 2 of the Outlier dataset was right skewed, with 67% of 475 loci identified with R 2 >0.5. The most important variables for all three datasets were distance and either 488 MEM1 or MEM2 (Fig. 5 ). This suggests that geographic distance is an important 489 determinant of the genomic differences between populations, and that the MEM 490 variables captured important environmental variation that had not been included in 491 the model. When considering only the BioClim variables, BIO5 and BIO2 were the 492 most important variables for the Outlier dataset, and BIO5 for the EAA dataset. 493
Notably, the Outlier dataset had a higher fit importance (R 2 ) to the BIO2 and BIO5 494 variables than the EAA or Reference dataset. This suggests that these variables 495 explain the change in allele frequency in the Outlier dataset better than the change in 496 allele frequency in the Reference our EAA datasets. 497
We found that three BioClim variables explained a more rapid change in allele 498 frequencies in the adaptive SNP datasets than in the reference datasets. The 499 cumulative importance of allele frequency changes in the Outlier and EAA datasets 500 differed in shape and magnitude for BIO5 (maximum temperature during the warmest 501 month), BIO18 (precipitation during the warmest quarter), and MEM2 (Fig. 6 panels  502 A, D, H). Most notably, the cumulative importance of the Outlier dataset showed big 503 changes in allele frequencies at two points (19°C and 20.5°C) along BIO5 (maximum 504 temperature during the warmest month). A similar, but slightly weaker response was 505 seen in the EAA dataset (arrows in Fig. 6A ). To examine this more closely we plotted 506 the change in minor allele frequencies of five of the Outlier loci with the highest 507 relative importance (R 2 ) associated with BIO5 (Fig. 7A) . We find that allele 508 frequencies in R2 and R3 differ dramatically from the rest of the gradient, while 509 frequencies in R1 are similar to R4-R6. This suggests a threshold response to the the 510 higher temperatures experienced by R2 and R3 populations (Fig. 7B) , where the 511 adaptive genotype requires a big change in allele frequencies compared to the rest of 512 the gradient. The rate of genomic turnover was less dramatic in response to BIO18 513 (precipitation in the warmest quarter, mm), but Outlier and EAA datasets both 514 showed a higher cumulative importance than the Reference data (arrow in Fig. 6D) . 515
Finally, the Outlier dataset showed a higher cumulative importance associated with 516 BIO2 (mean diurnal range in temperature) that was not recovered by the EAA 517
dataset. 518
Spatial mapping of the model for all three datasets showed that genomic 519 turnover was maximal between R1 and R2, followed by the change between R2 and 520 the rest of the populations. The three precipitation variables explained most of the 521 variation in the Reference data allele frequencies (biplots in Fig. 8A , C, and E), while 522 BIO5 (maximum temperature during the warmest month) was important for both the 523 EAA and Outlier datasets. The biggest difference in genomic turnover between the 524 adaptive loci and the Reference dataset was found in southern Sweden (Fig. 9) , 525 which suggests that the biggest change in adaptive allele frequencies is required 526 between populations from R1 to R2. 
556
Outlier dataset that were associated with BIO5 is shown across the latitudinal 557 gradient (A). Allele frequencies were all standardised to range between 0 and 1. 558
Allele frequency was found to be dramatically different in R2 and R3 compared to the 559 rest of the gradient. The change in allele frequency between R1 and R2 explains the 560 dramatic difference between the predicted allele frequencies in the Reference and 561
Outlier datasets (Fig. 9) . By combining landscape genetics and genomic turnover analyses we describe 592 how climate and geography structure R. temporaria genomic variation across the 593 Scandinavian latitudinal gradient. Genomic variation in this system is strongly related 594
to geography, but also shows evidence of adaptation to climate. A surprisingly large 595 portion of the total genomic variation is attributable to climate variables (38%) or 596 geographically structured climate (30%). We also find a threshold response in to 597 BIO5 (maximum temperature in the warmest month), implying that a thermal 598 threshold occurs in southern Sweden. Finally, our results show that the biggest 599 mismatch between neutral and adaptive allele frequencies occurs in southern 600
Sweden, largely driven by the threhold response to BIO5. Our results show that an 601 analysis of the geographic distribution of genomic variation in R. temporaria provide 602 important insights into the climatic drivers and potential adaptive thresholds across a 603 well-studies system. 604
605
Population Structure 606
We found strong population structure across the latitudinal gradient, with the 607 biggest divergence in allele frequencies between R1 and the rest of Sweden. 608
Sequential pairing off of the rest of the populations and strong signals of IBD are 609 indicative of an expansion from a southern colonisation. These results support 610 previous work based on mtDNA that has suggested a single colonisation route and 611 northward expansion in Scandinavia by R. temporaria ). Previous 612 phylogenetic work from the same study indicated that all populations in Scandinavia 613 and northwards assign to the eastern mitochondrial haplogroup , 614 and the contact zone between the eastern and western lineages has been described 615 in Northern Germany (Schmeller et al. 2008) . However, population assignment 616 analysis based on microsatellite data found that some southern Scandinavian 617 populations (including from R1) assigned up to 100% to the Western lineage based 618 on multilocus genotypes ). This explains the divergence of the 619 southern populations, perhaps even up to R2, from the rest of the gradient. Overall 620 our results support previous work that asserted that two mitochondrial lineages 
Geography and Climate determine genotype 629
We found that climate and geographically structured climate explained a large 630 proportion (76.6%) of the total genomic variation. Climate independent of geography 631 and geographically structured climate explained similar amounts of variation (38% 632 and 30%, respectively). Strong clinal genetic structure across the Scandinavian 633 latitudinal gradient which has been attributed to consistent selection gradients co- Together with our results show support for latitudinally ordered adaptive divergence, 651 but also present evidence that climatic drivers that are not latitudinally ordered are 652 important for adaptation. 653
We find a strong threshold effect in a subset of Outlier loci associated with 656 BIO5 (maximum temperature during the warmest month). This suggests that there is 657 a physiological threshold in response to BIO5 (or something related to BIO5). 658
Thesholds in polygenic traits are likely to be common in heterogenous environments 659 (Roff 1996) . Indeed, we find that four of the five BioClim variables showed an 660 elevated cumulative importance for the adaptive loci compared with the Reference 661 datasets. Of these, BIO2 (mean diurnal range in temperature) and BIO18 662 (precipitation during the warmest quarter) show evidence of thresholds at which allele 663 frequencies change more rapidly than in the Reference dataset. Geographically the 664 BIO5 threshold separates R2 and R3 from the rest of the gradient. We found 665 dramatically different allele frequencies in a set of Outlier loci associated with BIO5 in 666 this region. Comparison in genomic turnover between the datasets identified the 667 transition between R1 and R2 to diverge the most between the Reference and 668 adaptive datasets. This is indicative of strong adaptive divergence in this region. populations where a small change in environment will result in a large mismatch 682 between genotype and environment. These populations are particularly vulnerable to 683 extinction, and conservation management action would have to be carefully 684 considered. 685
